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Abstract: This study aims to analyze bike-sharing information and related urban factors to promote
bike-sharing utilization in Houston, Texas. The research was initiated with a descriptive analysis,
where the hourly and daily variations in bike demand are investigated, thereby revealing the time-
related patterns of bike tours. The models included data on socio-demographics, public transportation
availability, land use patterns, tree canopy coverage, bike routes, and job density within 0.25-mile
and 0.5-mile buffer zones around each bike-sharing station. Stepwise regression was utilized to
examine the effects of urban factors on bike-sharing ridership, and the explanatory power of the
model was enhanced by selecting meaningful variables. The analysis found that tree canopy coverage
was a significant factor in influencing bike-sharing ridership. Expansion of tree coverage can help
make biking a sustainable mode of transportation. These findings have the potential to guide the
development of practical policies that aim to promote sustainable urban mobility through bike-
sharing programs.
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1. Introduction

Bike-sharing programs have been recognized as both popular and sustainable travel
mode in urban areas worldwide [1]. In these areas, short-term bicycle rentals are provided
for a fee at designated locations. These programs have gained significant attention for
addressing the first- and last-mile connectivity challenges in urban mobility, as well as
in tackling issues such as traffic congestion, air pollution, and limited parking space.
Furthermore, they promote physical activity and enhance public health, making them a
source of numerous benefits and an avenue toward a sustainable transportation ecosystem.

While cities in the United States and Europe with bike-sharing systems benefit from
dense populations, well-established pedestrian infrastructure, and robust public transporta-
tion, thereby offering multiple transportation options, this study specifically assesses the
viability of bike-sharing systems in Houston—a car-centric major city.

In Houston, Texas, the BCycle bike-sharing program offers a fleet of bicycles that
are available at docking stations, allowing people to check out or return a bike through
the city for 24 h a day and 7 days a week. Similar to many other cities, individuals can
check out a bike from any available dock location and ride it to their destination. Since
BCycle’s introduction in 2012, it has experienced rapid expansion at an estimated growth
rate of 1000% over the past 10 years [2]. Despite the rapid infrastructure expansion, this
system has incurred financial losses, leading to the suspension of several stations. From an
urban planning standpoint, it is crucial to thoroughly examine the factors leading to these
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outcomes. We can then utilize these insights to improve Houston’s bike-sharing services in
the future.

Fundamentally, the key element in assessing the current operating system is gaining
an understanding of the user behavior patterns in bike sharing and the characteristics
of the neighborhoods surrounding bike stations. Consequently, our research questions
can be framed as follows: What are the user patterns of bike sharing? What are the key
neighboring characteristics impacting a bike-sharing program? To address these questions,
we employed the bike-sharing dataset distributed by the City of Houston along with
various urban parameters encompassing population and employment data, transportation
infrastructure, land use characteristics, and tree canopy density. Furthermore, this research
involved constructing a statistical model through stepwise regressions to explore the
prospective bike-share demands in Houston. Thus, this study makes some important
contributions to the literature by recognizing these findings as valuable insights pertaining
to the vibrant Houston bike-sharing program.

2. Previous Studies

Disparities in travel behaviors between individuals who are not part of bike-sharing
programs and those who are members lead to an even distribution of supply and demand
at bike-share stations [3]. Individuals who are not members of bike-sharing programs tend
to start and end their trips at the same station, predominantly employing bike-sharing
programs for leisurely and recreational activities, especially during weekends. On the other
hand, program members are more inclined to use bike sharing for their daily commutes
to work during weekdays, where they check out and return bikes at different stations.
Members of the bike-share program typically embark on shorter distances and cover less
ground in contrast to non-members [3-7]. For example, the travel route preferences of
bike-share members in Phoenix, AZ were influenced by real-time GPS data, showing a
higher sensitivity to factors such as route length, as well as the presence of high-volume and
high-speed roads. Conversely, members of the programs demonstrated a higher level of
familiarity in navigating alternative routes, whereas non-members showed less awareness,
increasing their chances of encountering one-way road segments that may lead to extend
their trip duration [5]. A study revealed that individuals who opted for a 24 h bike-sharing
membership in Colorado tended to ride at a slower pace or take longer breaks during
their trips. In contrast, annual members experienced fewer stops and engaged in more
consistent, routine trips [3]. Mateo-Babiano et al. [8] found short trips taken by CityCycle
members in Brisbane, Australia and on off-road bikeways near stations promote a greater
use of bike-share services. They suggest that the presence of membership can influence
travel behaviors.

From an urban planning perspective, land use is clearly associated with the efficiency
of bike-sharing infrastructure and its operation. Noland et al. [9] identified positive corre-
lations between residential land use and bike-sharing trips that occur on weekends and
holidays, as well as those between central business land use and weekday trips related
to shared bicycle usage. However, their findings indicated an insignificant association
between bike-share trips and recreational land use, which aligns with the conclusions of
the study by Caspi [10] on Philadelphia’s bike-share system. In the Minneapolis-St. Paul,
Minnesota area, a higher population density and greater proportion of commercial land
use were found to be positively associated with the number of bike-sharing trips taken
by annual members. As for the greenery effect, a positive association was found between
greenways and bike-share usage in Charlotte, North Carolina [11], as well as between tree
density and e-scooter volume in Calgary, Canada [12]. Roadside trees provide comfort to
cyclists by cooling temperatures, especially on the hottest days [13,14], thereby cleaning
the air with lower fine particle concentrations [15,16] and creating a more attractive cycling
environment [17]. Lusk et al. [18] emphasized the multiple benefits of tree canopies in
designing sidewalks, cycle tracks, and roadside trees when they conducted a visual prefer-
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ence survey in Boston, Massachusetts. In Brisbane, Australia, people tend to cycle more for
transport in neighborhoods with more tree coverage [17].

Additionally, positive correlations have been observed between bike-share demands
and economic indicators, such as the number of employments within a 0.25-mile station
buffer and food businesses within a 0.125-mile station buffer [19,20]. Economic variables
such as jobs and businesses promote bike-share ridership as found in Montreal, Canada [21],
Barcelona and Seville, Spain [22], and Nanjing, China [23]. However, in the three-largest
Texan cities, population or employment density was not associated with bike-share de-
mand within 400 m buffer station areas in Houston and Austin although less statistically
compelling results were observed in San Antonio [1]. The findings implied that these
variables might not be the primary factors influencing the location of bike-share stations
as they could be more strongly influenced by specific purposes related to recreational and
leisure trips.

Bike-sharing infrastructures and the accessibility of public transportation as multi-
modal transportation strategies are recognized as influential factors in promoting bike-share
programs at the local level. Alcorn and Jiao [1] found a favorable correlation between bike-
share usage and the convenience of accessing bike-sharing facilities. In the case of New
York City, Noland et al. [9] observed a higher frequency of bike-share trips in proximity to
subway stations, as well as in areas with an abundance of bicycle lanes and ample bicycle
parking facilities. Similarly, positive correlations between subway stations and both loop
trips and origin—destination trips were found in Seoul, Korea [24]. However, Zhao et al. [23]
found that increasing the number of nearby stations could reduce the origin—destination
bike-share trips in Nanjing, China because of sustainable public transit systems.

Wang and Lindsey [20] found that the existence of on-street bike lanes exhibited a
positive correlation with the usage of bike-share services in Minneapolis-St. Paul. However,
this correlation was not observed in the regions with a low density of bike-share services,
thereby emphasizing the importance of investing in both bike-share systems and bicycle
infrastructure. Caspi [10] identified positive correlations between bike-sharing ridership
and cycling infrastructure, bus stops, and transit stops in Philadelphia. However, such
correlations were not identified for trolley stops and regional train stations. Similarly,
Faghih-Imani and Eluru [4] found a negative correlation between bike-share usage and the
length of railway lines near bike-share stations in New York City.

Schoner et al. [25] reported an association between an increase in the number of bike-
share docks and an increase in Chicago bike-share memberships. In a closer examination of
the effects of bike-share docks in Chicago, Hyland et al. [6] showed that the expansion of
the number of docks within a range of 0.8 km to 4.8 km likely enhances the utilization of
bike-share services. However, the introduction of new stations within a 0.8 km range had
the opposite effect as it led to a reduction in demand on the existing docks. Regardless of
the location of bike-share and bicycle facilities, statistical analysis has demonstrated that
the inclusion of a one-mile bike lane to the bike-sharing infrastructure in Houston has led
to an average increase of 38 daily riders per week. Furthermore, the inclusion of a new
station in the bike-sharing infrastructure was found to induce an average of 16 additional
daily trips per week [26].

Bike-sharing can be associated with modal shifts at the micro level, either in single
trips or multiple trips. That is, it can be defined as the use of bicycles for commuting trips,
as well as the transitions from public transportation to bicycles or from personal cars to
bicycles [27]. There have been numerous previous studies related to such modal shifts.
In the case of using a shared bicycle without any transportation, the primary purpose is
to cover short distances that are not suitable for public transportation, thereby aiming to
reduce travel time, and there were more instances of using privately owned bicycles rather
than shared bicycles [28]. The integration of public transportation and shared bicycles
represents an ideal scenario for pursuing sustainable transportation, where the aim is to
maximize the efficiency of each mode. This combination not only reduces travel time by
walking to and from public transportation, but it also helps with avoiding waiting and
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congestion, thus fostering sustainable transportation practices [29,30]. The combination
of cars and shared bicycles was relatively less common compared to other options, but
factors such as parking availability, traffic congestion, and high travel costs encouraged this
combination [31]. Appendix A shows a summary of the literature that is closely aligned
with the focus of this study.

Presently, there is a limited body of studies that has comprehensively explored the
urban environments surrounding bike-sharing stations, especially tree canopy coverage. In
addition, under the assumption that the variation in time between weekends and weekdays
influences the utilization of shared bicycles, it is necessary to conduct an examination of
how urban environments influence the demand for shared bicycle usage during weekends
and weekdays. By comprehending these potential factors, it becomes feasible to encourage
a greater number of bike-sharing riders, thereby promoting sustainable transportation at
the local level for a long run. Thus, this study aims to investigate the spatial patterns of bike-
sharing ridership between weekends and weekdays by considering aspects such as land
use, population and employment density, greening space, and transportation infrastructure.
In addition, it was conducted to help predict trip generations related to the ridership
of shared bicycles in the car-oriented city of Houston and to investigate the inadequate
ridership environment of shared bicycles as a foundational investigation through which to
promote more ridership, thereby contributing to future policy-making processes.

The remainder of this paper is as follows. Section 2 provides overviews of the relevant
literature. In Section 3, the study area and data are explained. Section 4 describes the
research methodology that was used to build statistical models. The research results are
discussed in Section 5. Section 6 presents a discussion regarding research limitations and
future studies, and this is followed by the conclusion in Section 7.

3. Data with the Study Area

This study conducted a statistical analysis using the dataset collected from multiple
sources, including population data from the Census Bureau, employment data from Data
Axle, and a variety of GIS datasets. To examine the attributes associated with a bike-sharing
station and the usage patterns of its clientele, this study tailored the datasets to specific
buffer sizes of 0.25- and 0.5-mile distances in Houston, which were specifically designed
for this analysis. Figure 1 represents its geographical location.
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Figure 1. Study area: Houston, Texas.
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Index of residential space use =

3.1. The 0.25- and 0.5-Mile Buffer Zones

To analyze the environmental factors surrounding each bike station, this study em-
ployed two different buffer sizes from each station: 0.25- and 0.5-mile distances. The
variables within these buffers served different research objectives.

A 0.25-mile distance is commonly utilized as a measure of walkability and pedestrian
access. This distance equates to approximately 400 m, which is considered a reasonable
walking distance for individuals. It also serves as a standard for assessing the proximity of
amenities like parks, schools, public transportation, and other easily accessible destinations
by foot.

On the other hand, a 0.5-mile distance, which is influenced by the concept of transit-
oriented development (TOD), is employed to establish zones of indifference for public
transportation [32]. This distance serves as another benchmark for walking distances.
Consequently, these two buffers around each bicycle station were used as spatial units to
investigate bike-sharing ridership.

3.2. Variables
3.2.1. Bike-Share Ridership

Individuals can ride the bicycles of the BCycle Program by either purchasing a mem-
bership or opting for single rides through the program’s mobile application or website.
On gaining access to the system, users can rent a bike from and return it to any station
within the network. In this study, trip records from the 2021 BCycle database were ob-
tained, including station identification and coordinates; check-in and check-out stations
and times; trip duration and distance; trip routes; and user types. After clearing the blank
and duplicate data, we gathered a total of 278,028 trip records from 144 bicycle stations.

The data are restructured into five different forms. The first form divides ridership into
members and non-members and calculates total ridership by time period. The second form
divides ridership into weekends and weekdays and calculates ridership by time period.
The third form calculates ridership by the day of the week. The fourth form calculates
ridership by month. These four data sets were used to conduct a descriptive analysis.
Finally, the final form involved calculating the total ridership separately for weekends and
weekdays at each station for the purpose of statistical modeling.

3.2.2. Index of Residential Space Use

We hypothesized that there is a positive correlation between population density and
ridership rate. To investigate this relationship, we estimated the population count by taking
into account the proportion of the building volume classified as residential use, which is
referred to as the index of residential space use (RSU). This index helps predict the local
population density within a buffer zone surrounding each station.

To build this index, we employed a census population at the block group level with
building volume and land-use data. Through the examination of the Geographic Informa-
tion System (GIS) building footprints—as well as through the utilization of data obtained by
Light Detection and Ranging (LiDAR), which is a remote sensing technology—we derived
estimates for the volume of each building. Subsequently, we superimposed land use data
onto the buildings and identified the existence of residential properties within the buffer
zones of 0.25- and 0.5-mile distances. Please refer to Figure 2 for a visual representation of
this process.

Next, we calculated the index by employing the ratio of the total volume of buildings
within each buffer, whether fully contained within or intersecting with multiple block
groups, to the total volumes of residential buildings within the corresponding buffer:

n Residential building volume;in a buffer

i P lation. 1
i=1 total building volume; x FPopolation; (1)
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Figure 2. Buildings for residential use within a 0.25-mile buffer zone.

3.2.3. Estimated Employment

A bike-sharing program has been proposed as a potential solution for creating a sustain-
able commuting system within the context of micromobility [33,34]. Thus, we hypothesized
that a bike-sharing ridership program would experience increased usage in downtown areas
on weekdays as individuals choose cycling for short-distance transportation.

Based on this assumption, we utilized the annual business data provided by DataAxle
to estimate the total number of employments within a buffer zone. These data contained
various characteristics of the individual local business, along with their geographical
coordinates as specified by latitude and longitude. After mapping the locations of all
businesses in 2021 using the geocoding module in the GIS domain, this study estimated
the total number of employments by aggregating the counts for all business within each
buffer area.

3.2.4. Total Length of Bike Lanes

We assumed that an increase in the density of well-connected bikeways will lead
to higher bicycle usage. Therefore, the total length of bike lanes designated by the City
of Houston was used to examine the demand for bike-share riders at each station. In
this study, a variable for the total length of bikeways was created by overlaying the 2022
bikeway data obtained from the City of Houston in each 0.25- and 0.5-mile buffer zone.

3.2.5. Number of Bus Stops

Bike sharing offers a convenient and effective means for individuals residing or
working near train stations or public transit stops to access local transportation hubs. In
particular, bike sharing can address the challenge of first- and last-mile connectivity by
making it easier for individuals to complete the initial and final segments of their journeys to
or from public transit stops. It can also reduce reliance on private vehicles while increasing
the overall utilization of public transportation. This study employed bus stops as public
transit options. Although Houston Metro offers light rail service, its route coverage is
limited. On the other hand, Metro bus routes extend to nearly all areas. Therefore, the
number of bus stops in each buffer area was used to explain the contribution of bike sharing
in addressing first- and last-mile transportation needs.
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3.2.6. Estimated Parking Lots

Parking lots near bike stations can enhance first- and last-mile connectivity, which is
similar to what was described earlier. They can encourage the use of bike-share systems
by providing an alternative transportation option for people who might otherwise be
reluctant to walk long distances to reach a bike-share station. This can help increase the
adoption of bike-sharing systems and encourage more people to use sustainable modes of
transportation. Therefore, the ratio of the area of parking lots within each buffer was used
in this study.

3.2.7. Estimate Tree Canopy Coverage

A bike-share program is important not only for sustainable transportation, but also for
recreation. It gives individuals access to recreational and cultural opportunities that may
have a positive impact on their quality of life. For recreational purposes, well-maintained
bike lanes with shaded areas offer an optimal option for recreation with leisurely or vigorous
cycling, especially in Houston, Texas. To explain the practical contribution, we estimated
tree canopy coverage using LIDAR data and aerial imagery. In this study, tree canopy areas
were identified as objects with a height of three meters or more, and this was achieved by
integrating the vegetation data extracted from aerial imagery with the height measurements
obtained from LiDAR.

3.2.8. Land Use

Land use patterns are closely related to bike-sharing activities [23]. First, bike-sharing
activities can provide a valuable amenity for both residents and visitors, thereby granting
convenient access to engaging and vibrant urban activities across a variety of locations
that encompass commercial, residential, and recreational land uses. We used the land use
data provided by Harris County Appraisal District, while excluding the undeveloped and
unknown land uses, to gain a previse understanding of the role that the existing land uses
play in driving bike-share demand. To do so, the proportion of land use contained within
each buffer was calculated and used as a variable.

Table 1 summarizes the descriptive statistics of all the variables extracted in the 0.25-
and 0.5-mile buffer zones.

Table 1. Descriptive statistics of the variables.

0.25-Mile Buffer Zone 0.5-Mile Buffer Zone
Variable at Bike-Share Stations at Bike-Share Stations Unit
Mean cv Min. Max. Mean Ccv Min. Max.
Index of residential space use 1974.05 0.90 0.00 7996.02 9839.79 0.69 0.00 29,201.60 count
Estimated employment 9674.92 2.34 0.00 111,723.00 27,075.96 1.67 1.00 152,862.00  count
Total length of bike lanes 1.77 0.52 0.00 5.79 6.72 0.50 0.00 23.10 mi
Number of bus stops 12.78 0.95 0.00 56.00 44.47 0.73 0.00 150.00 count
Estimated parking lots 0.01 1.00 0.00 0.05 0.04 1.00 0.00 0.13 %
Estimated tree canopy coverage 2699.26 0.98 189.00 15,810.00 12,288.49 0.92 1,599.00 54,777.00 m?
Commercial LU 0.09 1.11 0.00 0.42 0.09 0.78 0.00 0.42 Y%
Industrial LU 0.11 1.27 0.00 0.85 0.08 0.88 0.00 0.36 %
Multi-family LU 0.24 1.21 0.00 0.99 0.29 0.93 0.00 0.96 %
Office LU 0.04 2.00 0.00 0.44 0.03 1.33 0.00 0.18 %
Park and open-space LU 0.05 3.20 0.00 1.00 0.05 2.80 0.00 0.98 Y%
Public and institutional LU 0.18 1.33 0.00 1.00 0.16 1.25 0.00 0.87 %
Single-family LU 0.14 1.21 0.00 0.63 0.18 1.00 0.00 0.69 Y%
Transportation LU 0.02 1.50 0.00 0.19 0.02 1.00 0.00 0.08 Y%

CV = coefficient of variation; LU = land use.
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4. Research Methodology

To understand how the demand for bike-sharing ridership at stations changes with
respect to membership and time-related variables, this study commenced with a descrip-
tive analysis of the BCycle dataset. Then, we employed backward and forward stepwise
regressions to identify the significant features that had a dominant impact on the demand
for bike-sharing ridership in Houston. These methods allowed us to explore the relation-
ships, which encompassed linear associations, between the variables and bike demand.
Stepwise regression can efficiently facilitate the selection of variables that are most rele-
vant to the number of ridership instances, thereby serving as the dependent variable in
a statistical model. This approach allows us to statistically identify significant variables
through the process of eliminating insignificant ones from a full model or adding significant
ones to improve the model from the null model, even if it requires removing insignificant
variables [35].

In relation to the spatial autocorrelation effect of bike-sharing ridership, the Moran’s 1
value was 0.102 with a p-value of 0.696, indicating that there was no statistically significant
spatial correlation.

To develop these statistical models, the two dependent variables, namely the numbers
of bike trips during weekdays and weekends, were employed separately in the models
owing to their expected differences in travel behavior. In addition, Box-Cox transformation
was adopted to convert the skewed distribution of dependent variables into a normal
distribution because the dependent variables involved a right-skewed distributed pattern.
Thus, the Box—Cox transformation used in this study helped to stabilize variance and make
the data more symmetric, which is often a prerequisite for statistical analyses.

W _ [t a0
Y {m?yn ifA =0 ?

where A = 0.0001, which is a transformation parameter.

ylw = Bo + P1x1 + Pax2 + ... + Buxn + ¢, 3)
where yl@) = the dependent variable, which is the total number of bike-share ridership
instances utilized at a station; B = intercept; B1, B,, ..., Bn = coefficients of the independent
variables selected by the stepwise regression process; x1, Xz, ..., x; = independent variable;
and ¢ = a residual term.

Figure 3 shows a flowchart that was used to understand a general research procedure
from data collection to policy implication.

Statistical Analysis

Data Collection Spatial Analysis
Bcycle Database
Census Data
Lans Use
Employment from DataAxle
Bike Lane
Parking Lots

GIS l Variable ¥

0.25& 0.5 mile > Extraction of Variables Policy Implication
Buffer Zones within Buffer Zones to promote Bbicycle ridership

Descriptive Analysis
LiDAR Points+Buliding Footprint i i i
-> Building Volume with Land Use — > Stepwise Regression with
BoxCox Transfromations

LiDAR Points+CIR Imagery . .
-> Tree Canopy Information Elasticity Analysis

Figure 3. Research flowchart.

5. Results
5.1. Descriptive Analysis

Figure 3 presents the temporal patterns of the bike-sharing trip instances. First of all,
about 60% of the trips were taken by individuals who opted for one-time rides through the
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bike-sharing service, whereas those with monthly or yearly subscriptions accounted for
approximately 40% of the total trips.

Based on the information presented in Figure 4a, a decline was observed in the volume
of trips between the evening and early morning periods, which was in line with our
expectations. Moreover, there was a notable surge in bike rentals by registered members
by around 9 am, suggesting that the service may be increasingly utilized for commuting
or morning recreational activities. Subsequently, the number of non-member ridership
instances experienced a rapid and continuous rise, thereby surpassing the rate of member
rentals and reaching its peak at 7 pm.
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Figure 4. Temporal variation in the bike-sharing ridership (unit: number of bike ridership instances):
(a) member vs. non-member; (b) weekdays vs. weekends; (c) daily variations; and (d) monthly variations.

Figure 4b shows the clear usage distinctions between bike-share members and non-
members. Members tended to utilize the service more prominently during weekday
mornings and evenings, with reduced usage during weekends. In contrast, non-members
exhibited a more consistent service usage pattern, one that was characterized by significant
activity during weekday afternoons and weekends, where the peak was reached between
3 pm and 7 pm on weekends and from 6 pm to 8 pm on weekdays.

Furthermore, Figure 4c sheds light on the preferences of the non-members, thereby
emphasizing their inclination toward weekend usage. This group accounted for a substan-
tial portion of the total weekend trips, amounting to 71%, and it also made up 28% of the
overall trips, which encompassed both weekdays and weekends.

Lastly, Figure 4d highlights that non-members favored the spring season, with the
highest number of trips occurring in March and April. However, the ridership of bike
sharing by non-members decreased after May;, likely due to the hot weather conditions in
Houston. The ridership of members remained relatively constant, except for July, which
may require further investigation.

Figure 5 illustrates the spatial distribution of the bike-share ridership at stations within
the Houston Beltway. It indicates that the spatial distribution of bike-share ridership
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Figure 5. Spatial patterns of the bike-sharing ridership: (a) weekdays and (b) weekends.

5.2. Statistical Results

Tables 2 and 3 offer concise summaries of the statistical results derived from the
stepwise regressions for both the 0.25-mile and 0.5-mile buffer analyses. As for R?s, there
was an insignificant difference between weekends and weekdays. However, we observed a
slight variation, which was influenced by the choice of stepwise regression, as well as the
buffer sizes (particularly the 0.25-mile and 0.5-mile options).

One consistent and statistically significant variable that explained bike-sharing rid-
ership across all models was the estimated tree canopy coverage. This variable emerged
as a key factor driving high bike-share demand in all models, and this was regardless of
whether it was a weekday or weekend. This implies that the natural surroundings, which
are characterized by the presence of a tree canopy, shape user preferences near bike-sharing
stations. Tree canopies were presumed to create a cooler and more pleasant environment
through offering shaded areas that are more likely to attract people for recreational activi-
ties. Population defined by the index of residential space use (RSU) consistently emerged
as a significant variable in all models when explaining the bike-sharing demand. This
finding reinforced the idea that higher population levels correlate with greater demand for
bike-sharing ridership.

For the stepwise regressions, the variance inflation factor (VIF) values for all variables
were within an acceptable range, specifically less than 4 [36].

In the 0.25-mile buffer analysis, both open-space and single-family land uses were
found to be statistically significant at the 99% confidence level for both weekdays and
weekends. The coefficients associated with open-space land use were positively related to
bike-sharing ridership, thereby aligning with the impact of estimated tree canopy coverage.
While single-family land use demonstrated a negative impact on ridership, multi-family
land use, although achieving statistical significance at the 90% confidence level in the
backward model, aligned with previous findings of a positive correlation with the index of
RSU. In the context of a 0.25-mile buffer analysis, the stepwise regressions indicated that
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individuals tended to prefer the areas with high population density, abundant open spaces,
and a dense tree canopy when utilizing bike-sharing services.

Table 2. Statistical results from the 0.25-mile buffer analysis.

Backward Forward
. Box—Cox Weekday Box-Cox Weekend Box—-Cox Weekday Box—Cox Weekend
Variable
Coefficient Coefficient Coefficient Coefficient
(t-Value) (t-Value) (t-Value) (t-Value)
Index of 1.73 x 104 ** 1.45 x 1074 ** 236 x 1074 **+ 216 x 1074 #*+
residential space use (2.60) (2.03) (4.24) (4.15)
Estimated
employment
Total length 0.16
of bike lanes (1.48)
Number of
bus stops
Estimated
parking lots
Estimated 1.18 x 1074 1.21 x 1074 #* 1.27 x 1074 #*+ 1.35 x 1074 #*+
tree canopy coverage (3.25) (3.13) (3.59) (3.72)
. 1.18
Commercial LU (1.32)
Industrial LU
. . 0.87 * 0.87 *
Multi-family LU (1.86) (1.82)
Office LU
Park and 1.90 *** 2.01 *** 1.39 ** 1.42 **
open-space LU (2.94) (3.03) (2.31) (2.40)
Public and 1.22% 0.77 0.82*
institutional LU (2.63) (1.61) (1.96)
. . —2.01 *** —1.82 *** —2.67 *** —2.71 ***
Single-family LU (—3.28) (—2.85) (—5.17) (—5.05)
Transportation LU
C 6.12 *** 6.10 *** 6.48 ***
onstant (21.02) (18.94) (28.80)
R? 0.36 0.35 0.34 0.31
RMSE 1.00 1.06 1.04 1.01
N 144 144 144 144

***p <0.01; ** p <0.05 * p <0.1; and N = sample size.

Expanding the analysis to include a broader 0.5-mile buffer area showed the signif-
icance of variables that remained undetected in the 0.25-mile buffer analysis. Variables
such as estimated employment, bus stops, parking lots, and office land use emerged as
significant within the 0.5-mile buffer area, whereas, in the 0.25-mile buffer analysis, single-
family land use was the only significant variable in the forward model. This variance in
results can be attributed to the broader geographical scope that was encompassed by the
0.5-mile buffer, which allowed it to capture the influence of a wider array of urban factors
surrounding the bike-sharing stations.
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Table 3. Statistical results of the 0.5-mile buffer analysis.
Backward Forward
. Box—Cox Weekday Box—Cox Weekend Box—Cox Weekday Box—Cox Weekend
Variable
Coefficient Coefficient Coefficient Coefficient
(t-Value) (t-Value) (t-Value) (t-Value)
Index of 0.72 x 104 ** 0.92 x 1074 *** 0.39 x 104 * 0.61 x 104 **
residential space use (3.12) (3.56) (4.24) (4.20)
Estimated 8.18 x 1076 *** 8.80 x 1076 **
employment (2.64) (2.16)
Total length 0.06 *
of bike lanes (1.67)
Number of —0.02 *** —0.02 ***
bus stops (—3.35) (—3.73)
Estimated 541 8.39* 9.31 ***
parking lots (1.45) (1.90) (2.75)
Estimated 0.28 x 10~ **= 0.34 x 1074 **+ 0.42 x 104 ** 0.52 x 104 *=*
tree canopy coverage (2.60) (3.53) (4.54) (6.28)
. -3.21
Commercial LU (—156)
Industrial LU
. . 1.62 *** 0.92
Multi-family LU (3.62) (1.57)
. 5.09* 4.34
Office LU (1.86) (1.42)
Park and 1.87 ** 2.05**
open-space LU (2.47) (2.41)
Public and 2.09 *** 1.31*
institutional LU (2.47) (1.73)
. . —1.44* —2.26 ***
Single-family LU (=2.49) (—4.53)
_ —7.72 —9.41*
Transportation LU (—1.65) (—2.31)
Constant 5.34 *** 5.70 *** 5.95 ***
(21.51) (14.31) (19.66)
R? 0.45 0.45 0.36 0.34
RMSE 0.93 0.98 0.99 0.99
N 144 144 144 144

***p <0.01;** p <0.05; * p <0.1; and N = sample size.

In addition, the 0.5-mile analysis uncovered that an increase in estimated employment
and a decrease in the number of the bus stops were statistically significant factors contribut-
ing to increased bike-sharing demand on both weekdays and weekends. This implied that
higher employment density, when coupled with limited access to public transportation,
results in higher bike-sharing usage. Furthermore, office and multi-family land uses exhib-
ited notable effects on weekdays, whereas parking lots and the total length of bike lanes
had a significant impact on weekends. On weekdays, it appeared that areas with high
population mobility experienced more bike-sharing ridership. Conversely, on weekends,
individuals were more likely to park around bike stations for leisure and then utilize
bike-sharing services. Despite minor variations, it was evident that urban environmental
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factors affect bike-sharing demand in varying ways between weekdays and weekends,
with more noticeable distinctions observed in the 0.5-mile buffer analysis.

For further analysis, Figure 6 shows the elasticity values of the variables identified
through stepwise regression. At both the 0.25-mile and 0.5-mile buffers, single-family land
use, the RSU index, and tree canopy coverage exhibited relatively high elasticities, thereby
suggesting that these urban factors, if strategically incorporated into urban planning, can
significantly influence bike-sharing ridership. Furthermore, it supported that, among these,
actively enhancing the tree canopy coverage around bike stations demonstrates a practical
utility from a local planning perspective in Houston.

Stepwise Approach with Time Stepwise Approach with Time
0.06 Backward Weekdays 010 Backward Weekdays
Forward Weekdays Forward Weekdays
0.04 Backward Weekends Backward Weekends
Forward Weekends Forward Weekends
0.05
0.02
2 2
2 3
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Figure 6. Elasticity values: (a) 0.25-mile buffer analysis and (b) 0.5-mile buffer analysis.

6. Discussion

In cities with a strong car-centric culture such as Houston, the promotion of bike
sharing can lead to significant positive effects in the development of a sustainable environ-
ment. The existing bike-sharing system in Houston is facing a period of stagnation as a
result of funding limitations and various maintenance challenges. This situation may be
partly attributed to Houston’s transportation infrastructure, hot weather conditions, and
insufficient infrastructure and support for the bike-sharing system. Thus, this study aims to
tackle these various challenges and fundamentally explore the ways in which to rejuvenate
bike sharing in Houston. It also encompasses a statistical analysis of areas with relatively
higher ridership and of the underlying reasons, thereby aiming to finding solutions to
these challenges.

Based on the results mentioned earlier, this study proposes some potential policy
strategies to promote the Houston bike-sharing program. First, by expanding green areas
and improving bicycle infrastructure, including the development of bicycle lanes and
parking facilities, more favorable outcomes can be anticipated. In addition, the stable num-
ber of bike-sharing ridership with memberships suggests an opportunity for enhancing
membership programs. Strengthening and promoting ridership membership programs
could encourage users to consistently engage in bike-sharing services. For riders without
memberships, there is increased ridership during evenings and weekends. Therefore, it
might be worthwhile to contemplate strategies that enhance user convenience by support-
ing bike-sharing operations during these specific periods. Based on the research findings,
these policy directions hold promise for improving the urban bike-sharing environment
and fostering an increased adoption of cycling as a transportation mode.

Bike-sharing services are a great way to get around town, but it can be frustrating
when stations are either completely empty or completely full. This can lead to a poor user
experience. Ideally, bike-sharing stations should maintain a balanced occupancy level of
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around 50%. However, in many cities, operators of bike-sharing systems have to manually
transport bikes between full and empty stations, which is slow, expensive, and inefficient.

We might want to consider strategies that enhance the satisfaction of both users and
operators regarding this issue.

However, a noteworthy limitation of this study is the potential influence of COVID-19
on the data. Compared to the pre-COVID-19 era, external activities may have declined and
new work patterns such as remote work may have emerged, thereby posing challenges
when comparing bike-sharing usage between weekends and weekdays. This highlights
the importance of exploring modeling with the data from the post-2022 period, which is
expected to be less affected by COVID-19. In addition, our analysis was conducted based
on the total bike-sharing ridership without distinguishing between check-in and check-out
at bike stations. However, around 32% during weekends and about 37% during weekdays
exhibited different check-out and check-in locations. This may be influenced by time and
determined by surrounding environmental factors. According to statistical analysis, linear
models often struggle to clarify these relationships, thereby leading to unexpected effects
and issues such as multicollinearity. Non-linear modeling, such as machine learning, may
simplify the modeling process by identifying crucial variables for explaining the dependent
variable, regardless of the intricate interconnections among variables.

Urban trip modeling and mode choice analysis are ultimately essential in micromo-
bility. As populations rapidly concentrate in cities, various urban issues arise, and the
resulting traffic congestion in city centers becomes a cause of diverse social and environ-
mental problems. In particular, travel behavior and mode choice are always critical issues,
and modalities such as shared bicycles or e-scooters play significant roles in promoting
micromobility. With respect to research related to this, surveys can be conducted directly or
indirectly. In this study, we primarily focused on trip generation rather than mode choice as
exploring land use and environmental aspects around shared bicycles can be achieved by
using only the data related to shared bicycles. This was needed to investigate how modal
shifts related to shared bicycles occur in Houston through surveys. Also, while population
density was included as a variable in this study, it is important to differentiate by age and
gender. Understanding the use of systems such as shared bicycles may vary significantly
by age and gender, and these may be closely related to their residential spatial environment
and lifestyle. Therefore, additional investigation is also required to further break down the
population density for analytical purposes.

Lastly, we utilized only the checkout and return data provided by the city’s shared bicy-
cles, as this was required for the additional qualitative research on travel behavior. Thus, we
may need to compare the factors highlighted in previous studies, such as racial preferences
and risk perception based on city size, to better understand Houston’s context [37,38].

7. Conclusions

This study investigated the relationship between the local environment and ridership
of the bike-sharing system operating in Houston.

Although there was no noteworthy discrepancy in the overall ridership between
weekdays and weekends, a spatial analysis revealed relatively lower ridership in the
university district during the weekends, as was expected. However, when considering
the overall demand for bike-sharing ridership, Saturday and Sunday exhibited higher
usage. When looking at the monthly breakdown, the period encompassing the warmer
months, from March to May, showed the highest levels of demand. Remarkably, the
data used in this study indicated a sudden surge in ridership in July. Further research is
considered necessary to gain a better understanding of this phenomenon. The presence
of a membership also revealed variations in bike-sharing ridership patterns. The number
of riders with membership remained stable over time as no significant fluctuations were
exhibited. However, ridership without membership reached peak usage during the evening
hours and weekends.
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In the statistical modeling involving a range of urban environmental variables within
the 0.25-mile and 0.5-mile buffer zones, the stepwise regressions we conducted consistently
identified tree canopy coverage as a significant factor influencing bike-sharing ridership.
While the significant variables did not exhibit substantial differences based on the method-
ology such as buffer size, backward, and forward steps, some variations were observed.
The backward method using a 0.5-mile buffer zone identified more significant variables
compared to the results from the 0.25-mile buffer zone.

This is expected to be valuable for formulating strategies that enhance the activation
of the Houston bike-sharing system as it predicts more robust variables compared to linear
analysis. Additionally, using the results from linear variables in a supplementary manner
could contribute to suggesting a more practical and comprehensive planning strategy.
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Appendix A

Table Al. Summary of the literature highly relevant to this study.

Unit of . Land Transportation Tree
Ref. Study Area Analysis Variables/Data Use Infrastructure ~ Canopy
Population, housing, non-commuters,
renters calculated from
Houston, census block data
[1] San Antonio, Station/ molovment densi t, N In a 400 m N
and Austin, 400 m buffer employment density, © buffer zone ©
restaurant density, and
Texas Lo
transportation infrastructure
in a 400 m buffer zone
[3] Boulder, Trip pattern Trip duration and time No No No
Colorado PP p
Hourly weather,
time of day, day of the week,
population density calculated from
Station/ the census block data, Ina250 m
(41 New York 250 m buffer employment density calculated from zip No buffer zone No
code data, and
transportation infrastructure
in a 250 m buffer zone
[5] th)emx, Trip patterl}/ . TI‘IP duration, time, origin, No No No
Arizona membership destination, member, or non-member
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Table Al. Cont.
Unit of . Land Transportation Tree
Ref. Study Area Analysis Variables/Data Use Infrastructure ~ Canopy
Weather data,
Station/ socio-demographic data,
Chicago 0.8m,1.6m, at census tract level, In 0.8, 1.6, and
[6] Michi garl1 and employment and business No 4.8 m buffer No
& 4.8 m buffer at zip code level, and zones
zones transportation infrastructure
in 0.8, 1.6, and 4.8 m buffer zones
Trip duration, time, origin,
7] Baltimore, Trip patterp / destmatlon,~ member, nog—member, No No No
Maryland membership and the sociodemographic data of
members
Transportation infrastructure
g b o nadombiane, O e
Australia 400 m buffer .. pograpny ¢ buffer zone
origins and destinations, and zone
land use in a 400 m buffer zone
Population and employment
Station/ m se.rv1c.e areas, In service .
[9] New York . transportation infrastructure In service areas No
service area ) . areas
in service areas, and
land use in service areas
Sociodemographic data
. . . in service areas, .
[10] Phlladelph{a, St;?tlon/ transportation infrastructure In service In service areas No
Pennsylvania service area . . areas
in service areas,
and land use in service areas
Demographics, transportation
Caloar infrastructure, land use Around Around
[12] sary Membership at the community level, members’ members’ No
Canada .
bikeway type, and roadway type address address
at the segment level
Minneapolis— Stat10n' / Demografphl'cs, employment, '
[19] St. Paul 0.125 mile transportation infrastructure data No In 0.25-mile No
Mir.meso ta and 0.25 mile in a 0.25-mile buffer zone, and buffers
buffers business data in a 0.125-mile buffer zone
Demographics and bike lane length data
Minneapolis— in the 0.25-mile buffer zones of the Around
[20] St. Paul, Membership members’ addresses, No members’ No
Minnesota population, and job address
in blocks where members reside
Weather data,
. trip hour and day,
Montreal, Stat1or.1/ bicycle infrastructure, land use in a In 0.25-mile
[21] 0.25 mile . No No
Canada 0.25-mile buffer zone, buffers
buffer zones . . . S
population density, and job density in a
0.25-mile buffer zone
Stz':\tlon/ Trip origin, destination,
Barcelona and points of station refill, removal rate, and
[22] interest ! ! No No No

Seville, Spain

at the sub-city

activities (restaurant, business,

district level recreational, hospital, etc.)
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Table A1l. Cont.
Unit of . Land Transportation Tree
Ref. Study Area Analysis Variables/Data Use Infrastructure Canopy
Nanjing, sci?:t(;no/f Residen.ce, employ'n} ent, bus St?Psf In a 300 m
[23] ! R . metro stations, amenities, and activities No No
China interest in . buffer zone
(entertainment, restaurant, school, etc.)
300 m buffers
Land use, subway stations in
[24] Seoul, Station/ service areas, In service In service areas No
South Korea service area employment, and population density in areas
service areas
Trip origin, destination,
Minneapolis- bike shase membecs,opalation densi Around
[25] St. Paul, Membership d inf ' POP in 4 Y No members’ No
Minnesota and transport infrastructure in 400 m address
buffer zones
around the members” addresses
Weather data, 0 251-rr1nile
Station/ household and employment density, O 5 mile ! In 0.25-mile,
[26] Houston, 0.25-mile, bike lanes, bus stops, light rail stations, ’ and ! 0.5-mile, and No
Texas 0.5-mile, and schools, street trees, and land use . 1-mile buffer
. . . . 1-mile
1-mile buffers (residential, commercial, park, and buff zones
institution/education/medical) et
zones
Seattle,
Los Angeles,
Bay Area,
Philadelphia, Trip origin and
[33] Boston, Trip pattern dp e No No No
. estination
Washington
DC,
Chicago and
New York
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